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Introduction
Recent years have seen the study of intra-generational mobility increasingly capture the attention of policy makers and researchers. The type of policies needed to attack persistent poverty may be quite different from those required to address transient poverty or movements in higher parts of the income distribution. When measuring mobility, it is desirable to work with panel datasets that follow individuals or households over time. Unfortunately, such surveys pose substantial empirical challenges. First, because they are typically costly and complex to administer panel datasets (especially in developing countries) that track individuals or households over time are rare. This is particularly true for longer term panel data (that track the same unit of analysis for more than 5-10 year). Second, and connected to the previous point, it is usually complicated to revisit households who move physically or dropout from panel data surveys. As such, nonrandom attrition may significantly bias results, leading to an underestimation of the actual mobility in the general population (Antman and McKenzie 2007) . Finally, classical measurement error will also introduce bias in the mobility estimates.
Because of growing concern to assess evaluate transitions into and out of poverty, an emerging body of research exists to develop techniques to overcome the major limitations of panel data sets by using cross-sectional surveys. Most of the literature has focused on what is commonly referred to as a pseudo-panel approach, which tracks cohorts of individuals over several periods of time. Recent developments on pseudo-panel analysis include Bourguignon, Goh, and Kim (2004) and Artman and McKenzie (2007) . However, these studies usually impose significant data demands and structural assumptions in order to yield mobility measures out of repeated cross-sectional surveys. For example, more than two cross sections are often needed and specific functional forms have to be assumed for earnings dynamics (Lanjouw, Louto, and McKenzie 2011) . Another critique of the approach is that by aggregating average trends for a given group (or cohort) it assumes away key intra-group mobility, which may be equally or more important than aggregate mobility. A recent approach developed by Lanjouw et al. (2011) explores movements in and out of poverty by imposing fewer restrictions than earlier literature on pseudo-panels. The method produces lower and upper bound estimates of mobility which are expected to sandwich true mobility estimates obtained from actual panel datasets. This paper seeks to validate this "synthetic panel" approach by estimating intragenerational mobility by means of repeated cross-sectional surveys. We focus on Chile, Nicaragua, and Peru; three countries for which we have panel datasets that follow households for more than two rounds. This allows us to compare true estimates of mobility using the three panel datasets against mobility estimates from applying the Lanjouw et al. (2011) synthetic panel approach in which individual rounds of the panels are treated as though they were repeated cross-sectional surveys. 1 In doing so, the paper makes four contributions to the existing literature. First, the study performs a range of sensitivity analyses and robustness tests to help validate the methodology proposed by Lanjouw et al. (2011) and probe its underlying assumptions.
Second, we improve on Lanjouw et al.'s (2011) inability to use retrospective information to improve the estimates. In their application to Vietnam and Indonesian data, Lanjouw et al (2011) force cross-sectional information to be time-invariant and retrospective by making use of the two-year panel structure of the dataset -i.e., they insert the value of variables from the first round into the second round of the panel. This provides an "ideal" but not entirely realistic context within which to apply the method. By contrast, our surveys include the information needed to create retrospective asset ownership. We illustrate that these data carry us a considerable distance in the direction of mimicking the "ideal" set-up explored in Lanjouw et al (2011) , thereby strengthening the practical appeal of this synthetic panel approach.
Third, our diverse settings and panel data allow us to test the performance of different interval lengths between the two rounds of cross-sectional surveys, from a one-year interval in Peru to an interval of ten-years in Chile. This is a key question for mobility analysis as it is important to know whether the technique can provide accurate predictions of mobility both in the short-term as well as the long-term. In fact, and as mentioned above, while short-term panel data are relatively common in developing country settings, they rarely exceed more than three years in length, making any analysis of long term mobility almost impossible. Evaluating the performance of this approach for long term mobility is therefore crucial.
Finally, Lanjouw et al. (2011) include only variables in levels as regressors in the underlying models of consumption. This paper introduces a variety of interactions between time invariant household characteristics and geographical controls and regional fixed effects (suggested by Lanjouw et al. 2011 , but not applied). We find that the introduction of such interactions indeed increases the predictive power of models and thereby narrows the bound estimates yielded by the approach.
In all, our results indicate that the methodology performs well in predicting a range of mobility measures by means of two rounds of cross-sectional data; true mobility lies within the two bounds in most of the cases studied. We find that the particular specification of the underlying model of income/consumption matters for reducing the bounds, with considerable progress possible following the introduction of interaction terms and retrospective asset ownership variables as regressors. Results are generally robust to a large number of sensitivity analyses and robustness checks.
The next section summarizes the technique. Section 3 discusses the data and the approach to ensure comparability of the tests across the three countries. The main results are presented in Section 4, while Section 5 discusses a range of additional robustness checks.
Methodology
This section largely relies on Lanjouw et al. (2011) . We assume two rounds of repeated crosssectional surveys. Calling round t household log per capita consumption or income (where t =1, 2) of household i and z the poverty line, we are interested in estimating the fraction of poor households in the first round of the survey who escaped poverty ( ) or remain poor ( ) in the second round of the survey, and the fraction of non-poor households in the first round of the survey who became poor ( ) or remained non-poor ( ) in the second round of the survey. This task cannot be performed directly by using repeated cross-sectional surveys, since all households are interviewed only once, either in the first or the second round of the survey.
However, we can straightforwardly estimate the relationship between income and time invariant characteristics in each round:
where x it is a vector of time-invariant characteristics (or characteristics that can be easily recalled from one round to the other one) of household i in round t of the survey and  it is an error term.
Using observations from the second round, we can predict consumption in the first round ( ) by means of the same observed vector of time-invariant or retrospective characteristics ( ) and the first round OLS estimates of parameters , where the superscript refers to observations of households surveyed in the second round. 2 Lower and upper bound estimates of mobility are derived from two different sets of assumptions about the correlation between the error term in the first round and in the second round. Lanjouw et al. (2011) argue that the correlation between both error terms is likely to be non-negative. 3 If we are willing to assume zero correlation between the first round and the second round error terms, Lanjouw et al. (2011) propose to predict consumption in the first round by randomly drawing with replacement for each household i in the second round from the empirical distribution of first round estimated residuals (denoted by ) as follows:
Equation 2 allows us to compute estimates of movements in and out of poverty. For example, the fraction of poor households in the first round who escaped poverty in the second time is given by:
Since we are randomly drawing from the empirical distribution of estimated errors, we need to repeat the procedure R times and take average of equation 3 in order to estimate movements in and out of poverty.
4
In all likelihood, however, the correlation between error terms will be positive. By assuming no correlation, equation 3 will provide an upper bound estimate of the mobility in and out of poverty. Lanjouw et al. (2011) propose estimating a lower bound on mobility by now assuming a perfect positive correlation between error terms. In this case estimates of residuals 2 Section (5) discusses the robustness of changing the forecasting direction.
3 Correlation between error terms will be non-zero in two cases: (i) the error term includes an individual fixed effect and (ii) shocks to consumption persist over time. Lanjouw et al. (2011) argue that correlation between error terms will almost certainly be positive if the condition (ii) holds. In their study using Vietnamese and Indonesian data they present empirical support in favor of this assumption. 4 We replicate the procedure 50 times in this paper (R=50). Section (5) discusses the robustness of replicating the procedure 150 and 300 times. 
Since we are not drawing from the empirical distribution of estimated errors, we do not need to repeat the procedure R times as in the upper bound approach. In fact, this last approach provides a clean under-estimate of true mobility since we are using household-specific error terms (from the second round in this example). In other words, because mobility is estimated across two survey rounds in which the same disturbance term applies to both consumption measures, the lower-bound measure of mobility has been "purged" of classical measurement error and thereby provides a lower-bound estimated of "true" mobility.
Data and harmonizing the approach across countries
In order to validate the technique, we use three panel datasets for Chile, Nicaragua, and Peru. 
Peru (ENAHO Survey)
In order 
Harmonizing the approach across Countries
In order to better assess the synthetic panel technique as it is applied simultaneously in the three different countries and settings we apply a number of data harmonizing protocols. First, to avoid potential bias from using panel data to conduct the tests, we follow Lanjouw et al. (2011) in by splitting every panel dataset in every country into two randomly drawn sub-samples and then treating one sub-sample from each round as two repeated cross-sectional surveys. We then use these two repeated cross-sections to estimate mobility by applying the method described in section 2. These results are then compared with the true panel consisting of the other sub-sample.
Second, we apply the same specifications across countries (to the extent possible based on data availability). Specification 1 is the most restrictive in that it only uses variables that best adhere to the time invariance assumptions: household head age, age squared, gender, years of education, and ethnicity. Specification 2 adds geographical controls and regional fixed effects while the specification 3 adds more flexible interaction terms between the first two specifications. Finally, specification 4 adds retrospective asset ownership information (Peru only).
Third, for each country we predict household income using time invariant characteristics from round 1 and the returns to those characteristics from round 0. This yields a synthetic panel that uses the actual welfare measure from round 1 and the simulated one from round 0. We repeat the procedure in the reverse order as an additional validation exercise.
In addition, we apply household weights to address survey design and explore the use of alternative weighting schemes (no weights or individual weights in the robustness tests). For the upper bound mobility calculation, we apply 50 replications to estimate consumption in period 0 (and we also explore a higher number of replications as another check). Finally, we restrict our analysis to households whose head is between 25 and 65 years of age in order to avoid life cycle effects which can invalidate the time invariance assumption.
Main results
In this section we present the main results by estimating a wide range of mobility and welfare outcomes to test how well the technique performs.
Poverty and Directional Mobility Measures (transition matrices)
We start our analysis by first comparing true poverty with estimated poverty rates that arise from applying the method proposed in section 2. For each country, Table 1 reports point estimates and 95 percent confidence intervals of actual poverty rates in the fifth column, together with lower and upper bound predictions of poverty rates for the four specifications detailed in section 3.4.
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Columns one through four present lower bound estimates, while columns six through nine show upper bound estimates. The models overall work well; most of the predictions lie within the 95 percent confidence interval of the true poverty rate. This is true especially for specifications that include interaction terms and retrospective information. In addition, predictive power increases and the bounds narrow considerably when moving to more complex specifications, specially the inclusion of interaction terms and retrospective asset ownership.
We then proceed to estimate directional mobility as measured by changes in the proportion of households that move across poverty status. Tables 2a, 2b poverty between first and second rounds of the survey.
As before, predicted power increases rapidly when moving from the first specification towards the fourth specification; bounds are also reduced considerably when increasing the number of variables. This is especially the case for the specifications that include interaction terms and retrospective variables. These results suggest that the use of the most complex model available is recommended.
As expected, the correlation of disturbance terms between the first and second rounds is always positive. The results also show that, as in the case of Lanjouw et al. (2011) , this residual correlation declines when moving from the first toward the fourth specification; presumably because the additional explanatory variables are better able to capture the effect of shocks and fixed effects. For example, the model that includes regional controls and fixed effects reduces the residual correlation from 0.69 to 0.64 in Peru. Correlation is then slightly reduced to 0.62 when we include interaction terms and further reduced to 0.56 when we include retrospective variables.
Directional Mobility as a Percentage of Income Change -Non-anonymous Growth Incidence Curves (GIC)
Figures 1a, 1b, and 1c draw on the synthetic panel procedure to present estimated nonanonymous GICs. Non-anonymous GICs plot income/consumption growth against ventiles of the initial distribution as in Bourguignon (2010) . Predictions are based on the third specification explained in section 3.4 and use parameter estimates obtained from the whole sample. Lower 
Sub-population Directional Mobility Measures -Changes in the Proportion of Specific
Groups that move across poverty status Tables 2a, 2b , and 2c refer to overall mobility in Chile, Nicaragua, and Peru. One relevant question is whether the analysis performs well in predicting mobility for specific sub-groups, for example urban and rural areas separately. We experiment with a number of groups, which also vary from country to country depending on data availability. These include: region of residence;
gender and education of the household head; urban/rural sector; occupation; sector of occupation; household ownership; access to water and electricity; and ethnicity.
Figures 3a, 3b, and 3c present true panel point estimates, as well as lower and upper bound estimates, for different population sub-groups in Chile, Nicaragua, and Peru. Each figure is divided into four panels which show: (i) the proportion of poor households in the first round who remain poor in the second round, (ii) the proportion of poor households who escape poverty in the second round, (iii) the proportion of non-poor households who enter poverty in the second round, and (iv) the proportion of non-poor household who remain non-poor in the second round.
Predictions are based on the third specification explained in section 3.4 and use parameter estimates obtained using the whole sample. Lower bounds are characterized by black dots, while upper bound estimates are represented by gray dots. Predictions of mobility are compared to the true mobility based on panel data analysis, which is symbolized by the 45-degree line. The closer the dots are to the 45-degree line the better the model predicts actual mobility.
The technique performs well for almost all the sub-groups. As expected, upper bound estimates tend to overstate movements in and out of poverty, while the opposite happens to lower bound estimates. Dots are generally close to the line, and the true value lies between the lower and upper bound estimates for most of the sub-groups. Lower bound estimates seem to perform slightly better for Peru and Nicaragua, while the opposite applies to Chile.
Robustness checks
This section performs a range of sensitivity analysis and robustness tests to the application of the synthetic panel procedure we implemented in the preceding section.
Sensitivity Analysis Using Different Poverty Lines
Except for the GICs, all previous estimations were computed using the official poverty lines of each country. In this section we test whether the method is sensitive to the specific poverty line income above that threshold. Each figure is divided into four panels as in the preceding subsection.
All solid lines have the expected shape for the three countries. The proportion of households who remain poor in both rounds increases from zero to 100 when the poverty line also increases, while the opposite happens with the proportion of households who are never poor.
In addition, the proportion of the population who enters or escapes poverty shows an invert Ushape. In general, true panel estimates fall within bounds in all three countries. This is relevant since results suggest that the cutoff point selected is not critical for the analysis, meaning that the technique can be used to explore transitions at various parts of the distribution (e.g., poverty, middle class, etc.). However, it is not clear whether lower or upper bound estimates perform better in terms of low or high values of poverty lines. A possible explanation for this differential performance could be the change in residual correlation along the income distribution.
Performance of Short vs. Long Panel
The three countries we study provide different types of panel lengths: one and two year spans in Peru, three, five and seven years span in Nicaragua, and five and ten years in Chile. Table 3 shows mobility estimates for the range of panel lengths we can calculate to test whether this These findings show that the method is of great value for mobility analysis. As we mentioned earlier, panel data length rarely exceeds more than three years in developing country settings. These results show that the method provides accurate prediction of mobility in both the short-term as well as long-term. 
Choice of Welfare Measure: Income vs. Consumption

Alternative Specifications
We also perform numerous empirical exercises to test the robustness of the findings to the explanatory variables used in the underlying models.
Actual Variables from Panel vs. those Created Using Cross Sections
Columns four and nine of table 2c present estimates of mobility in Peru based on underlying models of consumption that include retrospective asset ownership as regressors (derived from questions in the cross sectional data on length of ownership of specific assets). In the case of Lanjouw et al. (2011) , the authors force cross-sectional information to be time-invariant and retrospective by inserting the panel survey value of variables from the first round into the second round.
To test how well our "constructed" retrospective variables are, we force variables to be retrospective as in Lanjouw et al. (2011) 
Sub-national Aggregates: Census vs. Household Survey
Columns three and eight of table 2c presents estimates of mobility in Peru based on underlying estimates. Results are also robust to the use of department-level controls from the survey instead of the Census (not shown). Taken together, these results suggest that we can directly use survey information to construct sub-national controls and interaction terms to increase precision of estimates.
Additional Tests
Forecasting Direction
In section 4, we estimated models of income/consumption using one random half of the first round of the survey and predict mobility in the second random half of the first round of the survey using observations from the second round. Upper and lower bound estimates are then compared to the true mobility of the second half of the first round of the survey. 
Number of Replications for Upper Bound Estimates
Upper bound estimates in all preceding analysis have used 50 replications. 
Survey Design
All previous results are weighted using household sampling weights. 
Conclusion
Recently, there has been growing interest among policy makers and researchers to study intragenerational mobility in and out of poverty. Panel datasets constitute the most appropriate information source for the study of mobility. Unfortunately, such surveys are rare and, where they exist, generally span only a few years and follow a relatively small number of households or individuals over time. To overcome this limitation, there is also a growing literature which studies intra-generational mobility by means of cross-sectional surveys via the application of "pseudo-panel" methods. A new method proposed by Lanjouw et al. (2011) , which largely relies on insights from poverty-mapping techniques (Elbers et al, 2003) , yields lower and upper bound estimates of mobility using cross sectional surveys. The significant advantage of this "synthetic panel" method is that it imposes fewer restrictions and structural assumptions than the earlier literature on pseudo-panels.
This paper uses three panel datasets for Chile, Nicaragua, and Peru to validate the methodology proposed by Lanjouw et al. (2011) . By providing a wide range of new sensitivity analyses and robustness checks, this paper shows further that the technique is remarkably flexible with respect to the model specification and the choice of variables. Results indicate that the methodology performs well in predicting actual mobility in and out of poverty by means of two rounds of cross-sectional data; true mobility lies within the two bounds most of the time.
Specification of the underlying model of income/consumption matters for reducing the bounds, which can be narrowed considerably via the introduction of interaction terms and asset ownership as controls in the underlying model of consumption/income. More important, the method appears equally well-suited to the estimation of short term mobility as long term mobility. Chile CASEN, 1996 , 2001 , and 2006 Nicaragua EMNV, 1998 , 2001 , and 2005 and Peru ENAHO 2004 , 2005 , and 2006 . Note: R-squared is calculated for opposite halves of the total Year[1] sample. Results are constrained to the panel sample of households whose heads are between 25 and 65 years old. Results are weighted using household-level survey-sampling weights. Controls are the same as in columns [3] and [7] of table 2c. Results in column [2] , and [5] show actual panel mobility. 95 percent confidence interval between parentheses. [3] are based on a model with household time invariant characteristics, sub-national controls from census, and interactions between household time invariant characteristics and sub-national controls. Panel A adds asset ownership. Results in panel C are based on subnational controls from census at the departmental-level (instead of at the villagelevel). Results in column [2] show actual panel mobility. 95 percent confidence interval between parentheses. Upper bound estimations are based on 50 repetitions. Chile CASEN 1996 and 2006 , Nicaragua EMNV 2001 and 2005 , and Peru ENAHO 2008 and 2009 . Note: R-squared is calculated for opposite halves of the total Year [2] sample. Results are constrained to the panel sample of households whose heads are between 25 and 65 years old. Results are weighted using household-level survey-sampling weights. Results in columns [1] and [3] are based on a model with household time invariant characteristics, sub-national controls from census, and interactions between household time invariant characteristics and sub-national controls. Results in column [2] show actual panel mobility. 95 percent confidence interval between parentheses. Upper bound estimations are based on 50 repetitions. [2] and [5] show actual panel mobility. 95 percent confidence interval between parentheses. P, P refers to Poor, Poor; P, NP refers to Poor, Non-Poor; NP, P refers to Non-poor, Poor; and NP, NP refers to Nonpoor, Non-poor Lo wer Bound Actual Upper Bound
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